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Abstract

Recent advances in medical multi-modal models focus on
specialized image analysis like dermatology, pathology, or
radiology. However, they do not fully capture the complex-
ity of real-world clinical diagnostics, which involve hetero-
geneous inputs and require ongoing contextual understand-
ing during patient-physician interactions. To bridge this gap,
we introduce PulseMind, a new family of multi-modal diag-
nostic models that integrates a systematically curated dataset,
a comprehensive evaluation benchmark, and a tailored train-
ing framework. Specifically, we first construct a diagnos-
tic dataset, MediScope, which comprises 98,000 real-world
multi-turn consultations and 601,500 medical images, span-
ning over 10 major clinical departments and more than
200 sub-specialties. Then, to better reflect the requirements
of real-world clinical diagnosis, we develop the PulseMind
Benchmark, a multi-turn diagnostic consultation bench-
mark with a four-dimensional evaluation protocol compris-
ing proactiveness, accuracy, usefulness, and language quality.
Finally, we design a training framework tailored for multi-
modal clinical diagnostics, centered around a core component
named Comparison-based Reinforcement Policy Optimiza-
tion (CRPO). Compared to absolute score rewards, CRPO
uses relative preference signals from multi-dimensional com-
parisons to provide stable and human-aligned training guid-
ance. Extensive experiments demonstrate that PulseMind
achieves competitive performance on both the diagnostic con-
sultation benchmark and public medical benchmarks.

Code — https://github.com/AQ-MedAl/PulseMind

Introduction

In recent years, Visual Language Models (VLMs) (Achiam
et al. 2023; Liu et al. 2023; Bai et al. 2025; Zhu et al. 2025;
Team et al. 2023) have made remarkable progress across var-
ious fields due to their strong capabilities in visual under-
standing and multi-modal reasoning. These advances have
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(@)

Conventional Medical VQA
Limited context, single-source
Question: Which
imaging modality
was used for this
image of the left-
pararenal mass ?

(b)
Real-World Patient-Physician Dialogue
Rich context, multi-source

B Information Sex: female; Age: 4 month &User& Doctor
& My child was diagnosed with a hemangioma
a month ago. Two weeks ago, I noticed a new
white patch below her navel, and there are
also uneven pigments and a vertical white

Answer: streak under her neck that weren’t examined. F
A. Magnetic resonance imaging Only a Wood’s lamp test was done at the [0
B. X-ray hospital. Should we pursue further evaluation?

C. Computed tomography

I’ve reviewed your photos. The Wood’s lamp g
showed a gray-white area without fluorescence.
Has your child ever had dermatitis there or used
any medications or skin products?

D. Positron emission tomography

& This new photo was just taken—does it look
clearer? The collage shows the lesion when it
first appeared in natural and indoor light. The
lower border looks blurry when zoomed in, |
but the shape hasn’t changed. -

: . U |
Question: Can you describe the
specific location and appearance
of the lesion on the MRI scans ?
Answer: It shows a hyperintense
mass at the optic chiasm and left
optic nerve, compatible with a
high-grade glioma of the pathway.

2

It’s clearer than before and looks more like an
achromic nevus. You can continue to observe her
closely. Please contact me if there are any changes.

Figure 1: Comparison between (a) conventional multi-modal
medical VQA tasks and (b) real-world diagnostic dialogue
scenarios.

inspired the development of medical multi-modal large mod-
els (Li et al. 2023a; Saab et al. 2024; Ayaz et al. 2024;
Sellergren et al. 2025; Thawkar et al. 2023; Moor et al.
2023). However, despite this progress, several critical chal-
lenges remain insufficiently addressed, especially in real-
world clinical applications.

Compared to conventional medical image analysis
(Fig.1(a)), real-world diagnostic consultations (Fig.1(b))
present fundamentally different and significantly complex
characteristics. These real-world scenarios involve not only
the integration of heterogeneous information from multiple
imaging modalities, but also the handling of multi-turn in-
teractions between physicians and patients. This complexity
exposes two fundamental gaps in current research:

i) Limitations in training datasets. Most existing datasets
either focus on visual question answering (VQA) (He et al.
2020; Lau et al. 2018; Chen et al. 2024a) or contain only a
single image modality, lacking both the diversity of visual
inputs and the multi-turn dialogue context that are critical in



clinical consultations.

ii) Inadequate evaluation benchmarks. As a recent
study (Xu et al. 2025) pointed out, current medical multi-
modal benchmarks fall short of capturing real-world clinical
complexity, limiting their ability to evaluate model utility
in practical downstream tasks, such as clinical diagnostics.
Although a few benchmarks include dialogue cases (Arora
et al. 2025), these are mostly limited to pure text and lack
integration with medical imagery.

To address these challenges, we propose PulseMind, a
new multi-modal diagnostic model that encompasses a sys-
tematically curated dataset, an evaluation benchmark, and a
tailored training framework.

For the dataset construction, we systematically curated a
large-scale multi-modal diagnostic dialogue dataset through
the following four key steps: collection, anonymization, ex-
pansion, and proofreading. The final dataset consists of
98,000 real-world multi-turn consultation dialogues and
601,500 medical images, spanning over 10 major clinical
departments and 200 sub-specialties. It also incorporates a
broad spectrum of clinical data types, including laboratory
test results, examination reports, prescriptions, medical im-
ages, surgical records, and other relevant reports, demon-
strating strong clinical diversity and representativeness. For
the diagnostic dialogue evaluation, we introduce the Pulse-
Mind Benchmark, which features multi-turn scenarios incor-
porating both plain-text and multi-modal inputs, enabling
a comprehensive assessment of diagnostic dialogue capa-
bilities. To better simulate real-world clinical settings, we
further develop a GPT-based automatic evaluation frame-
work that assesses model performance across four key di-
mensions: accuracy, proactiveness, usefulness, and language
quality, providing a well-rounded metric for evaluating the
quality of diagnostic interactions.

During the model training phase, we first perform super-
vised fine-tuning (SFT) on medical text and multi-modal
data to build domain knowledge and enhance multi-modal
understanding. Following this, to better optimize diagnostic
responses, we employ a reinforcement learning stage using
our proposed Comparison-based Reinforcement Policy Op-
timization (CRPO) method. The motivation behind CRPO
stems from our observation that using absolute numerical
scores as rewards often leads to instability and does not
align well with human preferences. Humans find it easier
to judge which of two responses is better rather than as-
signing an absolute quality score to a single response. To
leverage this insight, CRPO trains the model by comparing
its responses pairwise against those from multiple counter-
part models. These comparisons evaluate key aspects includ-
ing proactiveness, accuracy, usefulness, and language qual-
ity. By learning from relative preference signals instead of
absolute rewards, CRPO provides more stable and human-
aligned guidance, ultimately encouraging the model to gen-
erate more reliable and higher-quality diagnostic responses.

Experimental results show that PulseMind achieves an av-
erage win rate of 76% on the PulseMind Benchmark, in-
dicating its promising diagnostic consultation capabilities.
Furthermore, the model achieves competitive performance
on 11 public medical question-answering datasets, demon-
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strating solid generalization capabilities.
In summary, the contributions of this work are three-fold:

* We introduce the MediScope Dataset, the first large-scale
multi-modal clinical diagnostics dataset featuring rich,
real-world multi-turn diagnostic consultations.

We propose the PulseMind Benchmark, the first bench-
mark for evaluating clinical diagnostic capabilities, pro-
viding a comprehensive multi-dimensional assessment of
model in multi-turn diagnostic consultations.

We present PulseMind, a medical multi-modal large
model specifically designed for real-world clinical di-
agnostics, achieving competitive performance on both
the PulseMind Benchmark and public medical question-
answering datasets.

Related Work
General Visual Language Models

Visual Language Models (VLMs) have emerged as a new
paradigm for general-purpose artificial intelligence, demon-
strating impressive capabilities in multi-modal understand-
ing by leveraging large-scale datasets. The InternVL se-
ries (Chen et al. 2024c; Zhu et al. 2025) advances multi-
modal learning through the expansion of visual encoders,
thereby improving the representation of fine-grained visual
details. The Qwen-VL models (Wang et al. 2024a; Bai et al.
2025) build upon strong large language models, showing
notable strengths in contextual understanding and instruc-
tion following. The OpenAl “o” series (Jaech et al. 2024)
and DeepSeek-R1 (Liu et al. 2024; Guo et al. 2025) fur-
ther push performance boundaries via post-training align-
ment techniques. Meanwhile, closed-source flagship models
such as GPT-40 (Hurst et al. 2024), Gemini 2.5 Pro (Team
et al. 2023), and Claude 3.5 (Hu et al. 2024) exhibit strong
performance in cross-modal reasoning and dialogue gener-
ation, and are often used as reference points for evaluating
the capabilities of current VLM systems.

However, despite their success in open-domain tasks, ex-
isting models are not readily transferable to the medical do-
main due to the specialized nature of clinical information
(Wu et al. 2023; Nori et al. 2023). In the absence of sufficient
medical knowledge, these models often misinterpret critical
diagnostic features, resulting in potentially inaccurate or un-
reliable predictions (Huang et al. 2025; Wang et al. 2024b),
which may pose risks to patient safety. These challenges un-
derscore the necessity of developing dedicated multi-modal
large models tailored to medical applications.

Medical Visual Language Models

Recent years have witnessed significant advances in medi-
cal visual language models, aiming to adapt general-purpose
architectures for clinical applications. Early efforts such
as LLaVA-Med (Li et al. 2023a) and Med-VLM (Ayaz
et al. 2024) enhanced general models by incorporating med-
ical knowledge via large-scale fine-tuning. Subsequently,
domain-specific models have been developed for specialized
fields including radiology (Thawkar et al. 2023; Zhang et al.
2023a), pathology (Chen et al. 2025b; Zhang et al. 2025),
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CMtMedQA-test
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PulseMind Benchmark

Metric
Proactive Is it able to proactively ask questions?
Accuracy Are the answers accurate?
Usefulness Is it helpful to the patient?
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Figure 2: Overview of PulseMind, including dataset construction (MediScope), the PulseMind Benchmark, and CRPO train-

ing.“CP” denotes the counterpart model.

surgery (Zeng et al. 2025), ophthalmology (Shi et al. 2024),
and dermatology (Yan et al. 2024), achieving notable ac-
curacy in their respective domains. More recently, general-
purpose medical VLMs such as HuatuoGPT-Vision (Chen
et al. 2024a), Med-GEMMA (Sellergren et al. 2025), Ling-
shu (Xu et al. 2025), and Med-Gemini (Saab et al. 2024)
have been developed, trained on large-scale multi-specialty
datasets to strike a balance between broad generalization and
specialized domain expertise.

Despite these advances, most existing models primarily
focus on specialized image analysis and fall short of ad-
dressing the complexity inherent in real-world clinical di-
agnostics. Such diagnostics require the integration of het-
erogeneous multi-modal inputs and the maintenance of con-
textual coherence over multi-turn patient-physician interac-
tions. To tackle these challenges, we propose PulseMind, a
new multi-modal diagnostic model specifically designed for
realistic clinical dialogue scenarios.

PulseMind

We propose PulseMind, a unified framework tailored for
multi-modal physician-patient consultation scenarios. As
shown in Fig. 2, our framework consists of three core
components. First, we construct a large-scale multi-modal
medical dialogue dataset to provide a solid data founda-
tion for model training. Second, we design a comprehen-
sive evaluation benchmark that realistically reflects the key
challenges in clinical consultations. Finally, we introduce
a Comparison-based Reinforcement Policy Optimization
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(CRPO) method to conduct reinforcement learning training.

Dataset

Our training data consists of our self-constructed dataset,
MediScope, along with a collection of publicly available
textual and multi-modal datasets, totaling approximately
792,000 samples.

MediScope. We construct a large-scale, heterogeneous
multi-modal dataset that captures the complexity of clinical
dialogues, referred to as MediScope. The construction pro-
cess follows a rigorous four-stage pipeline: 1) Collection: We
collect de-identified data from real-world clinical scenarios,
encompassing diverse modalities such as examination re-
ports and multi-turn physician-patient dialogues that authen-
tically capture the complexity and variability of diagnostic
processes. ii) Anonymization: We apply advanced Optical
Character Recognition (OCR) and Named Entity Recogni-
tion (NER) techniques to perform a secondary anonymiza-
tion check on both text and images, ensuring complete re-
moval of personally identifiable information and compliance
with privacy regulations. iii) Expansion: We use large lan-
guage models (Hurst et al. 2024; Team et al. 2023) to refine
and expand physician responses by filtering out meaningless
fillers and augmenting clinically relevant content, enhancing
the dialogue’s completeness, clarity, and coherence without
compromising medical accuracy or intent. iv) Proofreading:
Medical experts and licensed physicians thoroughly review
and refine the expanded dialogues to ensure clinical validity,
ethical compliance, and appropriate expression of empathy.
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Figure 3: Characteristics of the collected multi-turn dialogue training set from four perspectives: (a) Distribution of major
departments; (b) Heterogeneous Medical Image Modalities; (c) Distribution of multi-turn dialogue lengths; (d) Example of a

multi-turn physician—patient consultation dialogue.

As a result, the dataset comprises 98,000 real-world multi-
turn consultations and 601,500 medical images, spanning
over 10 major clinical departments and more than 200 sub-
specialties. Moreover, it includes a wide variety of data types
such as laboratory test results, examination reports, prescrip-
tions, medical images, and surgical records, reflecting strong
clinical diversity and representativeness.

Fig. 3 provides an overview of the dataset’s key charac-
teristics across multiple dimensions. Specifically, Fig. 3(a)
shows the distribution across a wide range of clinical depart-
ments, highlighting the dataset’s broad coverage. Fig. 3(b)
illustrates the diversity of medical image types, includ-
ing Ultrasound, Medical Records, CT/MRI, Pathology, and
Endoscopy, which supports comprehensive vision-language
learning across multiple modalities. Fig. 3(c) shows that the
dataset contains a large proportion of multi-turn dialogues,
with 40.9% of dialogues containing 6—10 turns and 6% ex-
ceeding 20 turns, facilitating long-range dependency mod-
eling and contextual reasoning. Finally, Fig. 3(d) presents
a real-world physician-patient conversation that exemplifies
the nature of clinical interactions.

Public Datasets. Complementing MediScope, we incor-
porate a diverse collection of publicly available medical
datasets to strengthen the model’s capability in traditional
medical image analysis. Specifically, we leverage both text-
only datasets (Li et al. 2023b; Chen et al. 2024b; Jin et al.
2021; Pal, Umapathi, and Sankarasubbu 2022; Zuo et al.
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2025; Hendrycks et al. 2020; Yang et al. 2024a) and multi-
modal resources (Yim et al. 2024; He et al. 2020; Zhang
et al. 2023b; Liu et al. 2021; Lau et al. 2018; Yue et al. 2024,
Zuo et al. 2025).

Evaluation Benchmark

Recent studies (Xu et al. 2025) have pointed out that current
medical multi-modal benchmarks do not adequately capture
the complexity of real-world clinical scenarios, which lim-
its their ability to evaluate model performance in practical
diagnostic tasks. To address this, we introduce the Pulse-
Mind Benchmark, which integrates multi-source images and
multi-turn dialogue data to realistically simulate clinical
workflows and assess diagnostic dialogue capabilities. Fur-
thermore, to situate our results within the broader field and
enable fair comparison with existing methods, we also eval-
uate our models on standard medical QA benchmarks.

PulseMind Benchmark To comprehensively evaluate
model capabilities in real-world medical consultation sce-
narios, we propose the PulseMind Benchmark, which inte-
grates three core components: (i) a multi-source dataset cov-
ering both text-based and multi-modal multi-turn diagnostic
dialogues; (ii) clinically driven multi-dimensional evalua-
tion metrics; and (iii) a human-aligned relative scoring strat-
egy. Together, these components establish a unified frame-
work to systematically and rigorously assess model perfor-
mance in authentic clinical environments.
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Figure 4: Win rates of our model against six baseline methods on the PulseMind Benchmark

Method ‘ Muilti-modal QA Text-only QA
[MMMU VQA-RAD PMC-VQA SLAKE PathVQA DermaVQA MedXQA-MM MMLU MedMCQA MedQA MedXQA-text
Proprietary Models

GPT-40 573 71.2 55.2 67.4 555 35.0 22.3 88.7 73.5 55.7 22.5

ol 57.8 63.0 54.5 69.9 57.3 43.0 49.7 91.6 82.7 86.6 48.9

Gemini2.5-pro 49.3 70.5 55.5 75.8 55.4 39.0 39.5 89.8 68.6 85.6 24.3
Open-source Models (~72B)

InternVL3-78B 69.1 73.6 56.6 774 51.0 37.0 27.4 83.0 66.1 93.3 18.5

Qwen2.5VL-72B 66.4 80.3 59.3 78.3 423 34.0 27.6 88.3 67.2 91.3 16.1

PulseMind-72B 69.4 87.1 70.3 85.6 64.9 42.0 36.7 88.7 71.3 94.8 29.8
Open-source Models (~32B)

InternVL3-38B 65.2 65.4 56.6 72.7 51.0 31.0 252 82.8 64.9 73.5 16.0

Qwen2.5VL-32B 62.8 73.8 54.5 71.2 41.9 25.0 25.2 83.2 63.0 71.6 15.6

LLAVA-med-34B 48.9 58.6 444 67.3 48.8 13.0 16.4 74.7 522 63.5 14.1

HuatuoGPT-vision-34B | 54.3 61.4 56.6 69.5 444 21.0 17.3 80.8 63.6 574 16.0

Lingshu-32B 62.3 76.5 57.9 89.2 65.9 17.0 30.9 84.7 66.1 74.7 22.7

PulseMind-32B 64.6 83.2 68.1 81.5 62.0 32.0 29.6 85.6 66.4 92.9 21.5

Table 1: Performance comparison on medical QA benchmarks. The top two results highlighted with bold and underlined fonts,
respectively. Rows with gray background indicate our PulseMind models. “MMMU” refers to MMMU Health & Medicine,

“MedXQA” refers to MedXpertQA, and “MMLU” refers to MMLU clinical topics.

Benchmark Composition. The PulseMind Benchmark
combines two datasets, covering both text-only and multi-
modal consultation scenarios with over 1,200 samples in
total. The multi-modal consultation set, named MedDiag-
nose, was constructed by us and contains 237 samples col-
lected from patient cases, featuring images alongside expert-
verified dialogues. For text-based dialogue understanding,
we expand the original CMtMedQA-test dataset to include
multi-turn reasoning, resulting in 1,000 samples.

Multi-dimensional Evaluation Protocol. Evaluating
physician-patient consultation quality requires more than
correctness, involving clinical reasoning, contextual in-
teraction, and communicative clarity (Yang et al. 2024b;
Chen et al. 2025a). To capture these aspects, we design an
evaluation protocol based on four key dimensions:

* Proactiveness, which assesses whether the model actively
inquires about missing but critical information, emulat-
ing the diagnostic behavior of experienced physicians.

* Accuracy, which verifies whether the diagnostic sugges-
tions are medically sound and free from factual errors or
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inappropriate reasoning.

* Usefulness, which measures the practical value of the re-
sponse, including clarity, actionability, and relevance to
the patient’s concerns.

* Language Quality, which evaluates fluency, professional-
ism, and overall communicative effectiveness.

These four dimensions jointly capture both clinical con-
tent quality and the effectiveness of medical communication,
providing a holistic view of model performance.

Evaluation Strategy. We adopt GPT-4 as an automatic
evaluator, following recent studies (Zheng et al. 2023; Sun
et al. 2023). For each input prompt, model responses are
compared against those of multiple baselines across the four
evaluation dimensions mentioned above. The outcomes are
categorized as win, tie, or loss, and the win rate is used as
the primary evaluation metric.

General Medical QA Benchmarks. In addition to con-
sultation evaluation, we also assess model performance on
traditional medical question answering tasks in both multi-
modal and text-only settings, using 11 benchmark datasets.
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Figure 5: Illustrative cases of six models on the PulseMind Benchmark. Representative response quality is color-coded, as

indicated by the tags on the right.

Benchmark Composition. For multi-modal QA, we select
datasets that cover general medical knowledge (Yue et al.
2024; Zhang et al. 2023b), clinical reasoning (Zuo et al.
2025; Liu et al. 2021), and specialized domains (He et al.
2020; Lau et al. 2018; Yim et al. 2024). For text-based QA,
we use large-scale medical examinations (Jin et al. 2021;
Pal, Umapathi, and Sankarasubbu 2022), MMLU clinical
topics (Hendrycks et al. 2020), and the text-only subset of
MedXpertQA (Zuo et al. 2025) to evaluate the model’s ad-
vanced clinical reasoning abilities.

Evaluation Strategy. For general medical QA bench-
marks, we follow the official evaluation protocols to en-
sure consistency and comparability with existing methods.
For multiple-choice questions, a two-stage evaluation is
adopted: exact rule-based matching first, and if no match
is found, the answer with the highest semantic similarity is
selected. For open-ended questions, GPT-4 is used for auto-
mated evaluation to judge the semantic consistency between
the model’s response and the reference answer.

Training Framework

The training includes supervised fine-tuning on medical text
and multi-modal data, followed by reinforcement learning
tailored to diagnostic dialogue.

Supervised Fine-Tuning. First, we train the model on Hu-
atuo26M (Li et al. 2023b), to inject domain-specific knowl-
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edge and enhance its language understanding and clinical
reasoning capabilities. Second, we further train the model
on MediScope and public datasets to unlock its multimodal
capabilities and multi-turn medical dialogue capabilities,
thereby enhancing its ability to process clinical dialogues.

Reinforcement Learning with CRPO. After SFT, the
model acquires the ability to perform routine diagnostic
consultations. To further enhance its human-aligned perfor-
mance in real-world clinical consultation scenarios, we em-
ploy a RL approach to optimize the model across four key
dimensions: proactiveness, accuracy, usefulness, and lan-
guage quality. Popular RL methods like GRPO(Shao et al.
2024), which rely on absolute scores as rewards, face inher-
ent limitations in clinical dialogue scenarios. First, model-
based absolute scores tend to be unstable and subjective.
Second, whether model-based or rule-based, absolute scores
often obscure differences among top-performing models,
limiting their discriminative power. To address these issues,
we replace absolute score rewards with comparison-based
relative rewards, and propose a Comparison-based Rein-
forcement Policy Optimization algorithm (CRPO) that fa-
cilitates a stable and human-aligned optimization process.
Specifically, as illustrated in the lower-right part of
Fig. 2, given a sampled query ¢, the policy model gener-
ates a set of candidate responses {01, 09, . .., 0¢ }. These re-
sponses are then evaluated by a reward model, which con-



Model Proact. Acc. Use. Lang. Avg.
Lingshu 3,60 4.15 405 4.58 4.10
Gemini2.5-pro 391 435 430 4.69 431
ol 370 443 414 4.60 4.22
GPT-40 348 4.06 397 452 4.01
Qwen2.5VL-72B  3.81 430 422 4.59 4.23
InternVL3-78B 374 436 4.16 471 4.24
PulseMind 392 447 426 4763 4.35

Table 2: Absolute scores assigned to seven models across
four evaluation dimensions. The top two results are highlight
with bold and underlined fonts, respectively.

sists of a comparison model and five counterpart models
{CPy,...,CPs}. The comparison model assesses each can-
didate response against those generated by the counterpart
models across four key evaluation dimensions: proactive-
ness, accuracy, usefulness, and language quality.

For each candidate o4, the comparison model determines
whether it performs better than each counterpart C'P. on
each evaluation dimension d. Concretely, the comparison
model assigns a binary score:

Tg,c,d = {

where 1 . 4 indicates whether the g-th candidate response
performs better than the c-th counterpart model on the d-
th dimension. The reward for the candidate o4 is obtained
by averaging over all counterpart models and evaluation di-

mensions:
Cc D
§ § Tg,c,d>

c=1d=1

L
0,

if o, = C'P, on dimension d,
otherwise,

1

R"]:CxD

where C' = 5 is the number of counterpart models and D =
4 is the number of evaluation dimensions. Following this,
the advantage and final loss computation follow the same
procedure as in GRPO.

Discussion. To gain a clearer understanding of the differ-
ences between relative and absolute evaluation strategies, we
conducted experiments examining their scoring behaviors
and evaluation reliability. First, we analyze how absolute
scoring performs in distinguishing different models. Second,
we assess the reliability of the two strategies by comparing
their consistency with human expert evaluations.

To evaluate the distribution and discriminative capacity
of the absolute scoring strategy, we rated seven models us-
ing a 5-point scale across four evaluation dimensions: Proac-
tiveness (Proact.), Accuracy (Acc.), Usefulness (Use.), and
Language Quality (Lang.). As shown in Tab. 2, all models
received relatively high and closely clustered scores, with
average ratings ranging from 4.01 to 4.35. Such small score
differences make it difficult to effectively differentiating the
model performance.

To validate the effectiveness of the relative scoring ap-
proach, we randomly sampled 10% of the evaluation outputs
from both the absolute and relative scoring strategies and
asked 50 medical experts to verify whether they agreed with
each judgment. Based on their agreements, we computed the
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‘ Proact.  Acc. Use. Lang. All

Abs MedDi | 53.7% 48.6%  48%  64.5% 42.1%
CMt 66.7% 58.1% 61.5% 73.4% 60.9%

Rel MedDi 96% 8%  86.8% 922% 84.2%
CMt B4% 81.1% 94.1% 982% 87.9%

Table 3: Consistency between GPT-based evaluations and
human expert judgments under absolute (Abs) and relative
(Rel) scoring strategies. MedDi and CMt denote the two sub-
sets of the PulseMind Benchmark.

consistency rates between GPT-based evaluations and expert
assessments across four dimensions as well as overall. As
shown in Tab. 3, the relative scoring strategy achieves an av-
erage consistency of 86.1% on the PulseMind Benchmark,
whereas the absolute scoring strategy reaches only 51.5%,
demonstrating the superior reliability of relative evaluation.

Experiments

Implementation Details

We build on Qwen2.5-VL-72B and Qwen2.5-VL-32B. To
achieve efficient parameter fine-tuning, we adopt a low-rank
adaptation (LoRA) strategy by injecting a rank-64 adapta-
tion matrix into the Transformer layer to freeze the base
model while only training the newly added parameters. Our
training process is implemented on a cluster of 128 NVIDIA
A100 GPUs and integrates a set of advanced optimization
technology stacks. The technology stack is based on Hug-
gingFace Transformers and PEFT libraries, combined with
DeepSpeed ZeRO-3 to manage GPU memory, and BF16
mixed precision is enabled to accelerate calculations. The
model is optimized using the AdamW optimizer, the learn-
ing rate is controlled by the cosine annealing scheduler, and
a dropout rate of 0.1 is set to enhance generalization ability.

To evaluate performance, we benchmark against a wide
range of models. General-purpose proprietary MLLMs in-
clude GPT-40 (Achiam et al. 2023), ol (Jaech et al. 2024),
and Gemini 2.5 Pro (Team et al. 2023). Medical-specialized
models include LLaVA-Med (Li et al. 2023a), HuatuoGPT-
Vision (Chen et al. 2024a), and Lingshu (Xu et al. 2025). For
broader comparison, we also include open-source general-
purpose MLLMs such as InternVL3 (Zhu et al. 2025) and
Qwen2.5-VL (Bai et al. 2025).

State-of-the-Art Comparisons

The evaluation encompasses the PulseMind Benchmark as
well as existing medical QA tasks, offering a comprehensive
assessment of the models.

PulseMind Benchmarks. As shown in Fig. 4, we evalu-
ate the PulseMind model against leading models on the two
subsets of the PulseMind Benchmark: MedDiagnose and
cMtMedQA-test.

As shown in Fig. 4(a), on the multi-modal MedDiag-
nose benchmark, our PulseMind model demonstrates supe-
rior performance. Against proprietary general-purpose mod-
els, it achieves win rates of 94% against GPT-40, 89%



Public  Public+MediScope SFT SFT+RL GRPO CRPO
PulseMind-B 26.4 65.2 PulseMind-B 65.2 76.0 PulseMind-B 54.7 76.0
MMMU 67.3 68.1 MMMU 68.1 69.4 MMMU 66.7 69.4
VQA-RAD 86.6 86.9 VQA-RAD 86.9 87.1 VQA-RAD 86.9 87.1
SLAKE 84.7 85.3 SLAKE 85.3 85.6 SLAKE 85.2 85.6
MedXQA-MM 349 36.5 MedXQA-MM  36.5 36.6 MedXQA-MM 36.1 36.6
(a) Dataset (b) Training Stages (¢c) CRPO v.s. GRPO

Table 4: PulseMind Ablation Experiments. “PulseMind-B” denotes our PulseMind Evaluation Benchmark. “Public” indicates
models trained on public datasets, while “MediScope” refers to our dataset. “SFT”” and “RL” denote using supervised fine-
tuning or reinforcement learning, respectively. “GRPO” and “CRPO” represent different reinforcement learning strategies.

against ol, and 54% against Gemini 2.5-Pro. For open-
source general-purpose models such as Qwen2.5VL-72B
and InternVL3, PulseMind attains win rates of 86% and
83%, respectively. When compared to the domain-specific
medical model Lingshu, PulseMind shows a clear advan-
tage with a win rate of 98%. These results underscore Pulse-
Mind’s capabilities in complex clinical scenarios. As shown
in Fig. 4(b), on the expanded CMtMedQA-test benchmark,
PulseMind maintains superior performance. Against propri-
etary general-purpose models, it achieves win rates of 83%
with o1, 73% with GPT-40, and 72% with Gemini 2.5-Pro.
For open-source general-purpose models, it secures 54%
against Qwen2.5VL-72B and 55% against InternVL3. When
compared with the domain-specific medical model Ling-
shu, PulseMind attains a win rate of 71%. These results
demonstrate PulseMind’s robust generalization capability,
even in text-only diagnostic tasks that emphasize broad
medical knowledge. In summary, PulseMind exhibits robust
performance across both multi-modal and text-only multi-
turn clinical consultation tasks, showcasing high adaptabil-
ity to real-world clinical scenarios. Representative cases are
shown in Fig. 5 to illustrate model behaviors.

Medical QA Benchmarks. As shown in Tab. 1, Pulse-
Mind demonstrates leading performance on most medi-
cal QA benchmarks. Among open-source models with ap-
proximately 32B parameters, PulseMind-32B generally per-
forms better than mainstream models such as Lingshu-
32B and HuatuoGPT-vision-34B across most benchmarks.
In comparisons involving larger-scale models, PulseMind-
72B achieves the best results across all 11 benchmarks, sur-
passing peer open-source models and outperforming closed-
source models in multiple tasks.

Ablation Study

We conduct ablation studies using the PulseMind-72B
model on the proposed PulseMind Benchmark as well as
representative medical QA benchmarks to assess the impact
of key design choices. The results are summarized in Tab. 4.

Dataset. As shown in Tab. 4(a), our curated multi-turn,
multi-modality dataset, MediScope, brings substantial per-
formance improvements on the PulseMind Benchmark. The
average win rate (against six baseline models in Fig. 4) in-
creases significantly from 26.4% to 65.2%, highlighting the
importance of constructing a heterogeneous, multi-source
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dataset grounded in realistic multi-turn diagnostic dialogues.
In addition, medical QA tasks also benefit from this dataset.
For instance, the accuracy on MedXpertQA increases from
34.9% to 36.5%. Although the improvements on these pub-
lic benchmarks are relatively modest, they demonstrate the
strong generalization capability of MediScope beyond its
primary target scenario.

Training Stages. As shown in Tab. 4(b), incorporating re-
inforcement learning further improves the model’s capabil-
ity, raising the average win rate on PulseMind Benchmark
from 65.2% to 76.0%. This highlights the effectiveness of
reward-guided policy optimization in complex multi-turn di-
alogues. On medical QA benchmarks, reinforcement learn-
ing yields marginal gains, suggesting that supervised fine-
tuning already sufficiently exploits the learning signal for
these relatively simple tasks.

CRPO v.s. GRPO. Table 4(c) compares our CRPO ap-
proach with the conventional GRPO strategy. CRPO demon-
strates superior performance to GRPO on the PulseMind
Benchmark, increasing the average win rate from 54.7% to
76.0%. It also shows improvements on other medical QA
benchmarks. In particular, it achieves a 2.7% improvement
on the MMMU Health & Medicine dataset.These results
demonstrate the advantage of comparison-based relative re-
wards over absolute score-based rewards.

Conclusion

This work presents PulseMind, a multi-modal medical
model for real-world clinical diagnosis. It includes a
large-scale diagnostic dataset (MediScope), a diagnos-
tic evaluation benchmark (PulseMind Benchmark), and
a Comparison-based Reinforcement Policy Optimization
method (CRPO). PulseMind demonstrates competitive per-
formance on both the proposed benchmark and public med-
ical benchmarks. We hope PulseMind can serve as a solid
foundation for practical diagnostic dialogue applications.
Limitation. PulseMind delivers strong multi-modal diag-
nostic capabilities, yet certain limitations persist. First, its
ability to process specialized data formats, such as 3D med-
ical imaging and other high-dimensional clinical modalities,
remains limited. Second, training models demands substan-
tial computational resources and considerable time, which
may constrain their use in resource-limited environments.
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